Previous studies have shown that various spectral vegetation indices, calculated from visible and near-infrared (NIR) reflectance data, are linearly related to the amount of photosynthetically active radiation absorbed by plant canopies (Asrar et al., 1984 : Daughtmy et al., 1992 : Goward and Hucmmrich, 1992 Johnson and Scholasch. 2005) . Spectral indices such as the normalized difference vegetation index (NDVI), derived as the ratio of the difference and sum of reflectance in the NJR and red spectral regions, can effectively track spatially variable crop canopy development for particular crops in real time. However, broader applicability of the spectral technique across a wide range of horticultural crops is uncertain. This study addresses the relationship of remotely sensed NDVI relative to CC of several major horticultural crops in commercial fields with varying planting configurations and stages of maturity.
Materials and Methods

Studs site. Oil July 2005 and 19 to 20
June 2006. CC of II crops (seven annual and three perennial horticultural crops) was measured on the west side of the San Joaquin Valley in California. The 30 measured fields (Table I) were located near Five Points, CA, within 10 miles of lat. 36°23'N and long. 12012'W. Soil textures in the study area ranged from sandy loam to clay loam soils and all soils were light-colored with low organic matter (less than 0.5%). Most fields were drip-irrigated and essentially weed-free with a dry soil surface (less than 10% volumetric water content) with some minor exceptions as noted in Table I . Row orientation in all fields was north-south. Crops and fields were selected to represent a wide range of both perennial and annual horticultural crops with widely varying canopy structures and covers. Fields were selected that had uniform cropping patterns. Most fields were at least 200 m in the smallest dimension.
C'anopp cover measurement. Canopy cover in each field was measured with a multispectral camera (TetraCarn ADC: TetraCam, Chatsworth, CA) suspended from a frame directly above the crop and aimed vertically downward. The camera is a single-sensor digital camera (1 .3-megapixel resolution) optimized for capture of red, greets, and NIP. wavelengths of reflected light. The digital photographs were analyzed with image-editing software (Pixclwrench and 13602) provided by the camera manufacturer to differentiate between live vegetation and soil background and calculate the percentage of the photograph that contained live vegetation. The software assists the user in selecting threshold values based on red and NIR reflectance that separate live vegetation from background, displays the differentiated photograph, and calculates the percentage of the scene's pixels that contains live vegetation. Analysis of selected photographs by manually outlining vegetation and calculating areas with computer-assisted design software gave comparable results and indicated the validity of the process. Measurements were taken within 3 h of solar noon, although this was not a requirement of the technique. Figure 1 shows a TetraCam photograph of the canopy of the onion crop in field 6.
The camera was suspended 2.3 m above the ground surface for low-growing crops (less than 0.5 m height) and 6.1 m above the ground surface for tall crops (vineyards and immature orchards) (Figs. 2 and 3) . The photographs were cropped or scaled to contain a representative crop area (row width or plant spacing). For widely spaced tree crops, area of individual tree canopies was determined with the assistance of a physical scale (meter stick) suspended in the photograph at the height of the maximum canopy width. 
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by row spacing when canopies were continuous in a row or on a bed or by the canopy size of individual plants based on either a circular or rectangular shape divided by plant spacing. The percentage of the shaded ground surface under the canopy ("in-canopy shading" in Table I ) was estimated visually to correct for canopy gaps. et al., 2000) was then used to derive surface reflectance to account for atmospheric scattering/absorption, solar zenith angle, and spectral differences in top-of-atmosphere solar irradiance. Surface reflectance (SR) was calculated for the red and N I R bands as:
where Ls is observed at-sensor radiance, La is modeled total top-of-atmosphere radiance above a surface of constant nonzero albedo (a), set here to 50%, and Lp is atmospheric path radiance or energy scattered back to the sensor by the atmosphere without surface interaction (after Green, 1990; Johnson et al., 1994) . Atmospheric path radiance, Lp, was modeled as top-of-atmosphere radiance above a surface of zero albedo. A standard Modtran midlatitude summer atmospheric profile, with default 23 km horizontal visibility, was used to retrieve La and Lp for both acquisitions. The derived red and NIR stirface reflectance values were then used to calculate the NDV1 (Rouse et al., 1973; Tucker, 1979) as:
Landsat processing was performed with ERDAS Imagine 8.7 software (Leica Geosystems, St. Gallen, Switzerland). Average NDVI values were calculated for a 7 x 7-pixel area (200 x 200 in) within each field. The standard deviation for the NDVI values for the 49 pixels varied from 0.01 to 0.08 and averaged 0.025.
Results
The 30 measured fields included 10 with perennial crops (trees or vines) and 20 with annual crops (Table I) . Canopy cover measured with the Tetracam camera varied from 0.02 to 0.95 and Landsat 5 NDVI from 0.1010 0.81. Figure 4 shows the correlation between CC and NDVI. The NDVI increased linearly with CC to 0.8 but did not increase further with increasing CC. This finding agrees with past work showing the asymptotic behavior of NDVI at high-vegetation biomass (e.g., Tucker, 1979) . The high CC fields included three melon fields (Nos. 21, 22, and 23) and one tomato field (No. 4). Field 30, a field of dark red lettuce, had a very low NVDI in comparison with CC and CCd, demonstrating that the NDVI:CC relationship is sensitive to strong expression of nongreen pigments.
For the remaining 25 fields containing II different crops, NDVI was strongly correlated with CC (R2 = 0.95, P < .01) (Fig. 4) and predicted CC with a mean absolute error of 0.047 (Fig. 5) . The intercept value (0.18) of the linear regression relationship represents the NDVI value for bare soil. The fields with the largest deviations from the regression (all positive) were one field of mature garlic (No. 28) and three fields of mature grapes (No. 9, 11, and 13). The mature garlic had a high proportion of senescing leaves, and it appears that either the TetraCam CC measurement underestimated actual green canopy or the Landsat NDVI overestimated green canopy for the senescing crop. The high NDVI values for the three mature grape fields may indicate a bias resulting from the tall, narrow, vertically trained canopy, which had a high leaf area index (LAI) within the canopy. A high LAI:CC ratio is expected to increase NVDI for a given CC because NIR radiation penetrates into the canopy. Also, a nonvertical view angle (up to 7.5° off-nadir for Landsat) would overestimate the canopy cover for tall, narrow canopies. For the Landsat view of these grape fields (5° off nadir), apparent CC could exceed true CC by as much as 0.04. A separate NVDI:CC relationship may be merited for crops with large height:width ratios such as vines. If these four fields are removed, the regression coefficient of determination increases to 0.98 (P < 0.01) indicating excellent CC prediction across these crops.
It is known that the NDVI is sensitive to soil brightness differences. A soil-adjusted vegetation index, SAVI (Heute, 1988) , was also calculated for each field using a vegetation density factor, L, of 0.5. The SAVI performed similarly to the NDVI with an R7 of 0.89 for the 25 fields, suggesting that soil differences were not a significant error source across these sites. Use of SAVI, rather than NDVI, may be advantageous over a broader area.
Dimensional CC also correlated well with photographic CC (R 2 = 0.93, P < 0.01), although our measurements tended to underestimate photographic CC by ;'a 15%. The accuracy of the dimensional estimate of CC did not vary with crop type.
Discussion
These results show that NDVI obtained from satellite images is a good indicator of CC for a broad cross-section of San Joaquin Valley horticultural crops. The strong linear relationship between NDVI and CC, obtained over 2 years, is valid to a CC of 0.8. The point at which NDVI begins to lose sensitivity generally corresponds to effective full cover (Neale et al., 2005) , and water use does not appreciably increase for canopy cover above 0.8 (Doorenbos and Pruitt, 1977; Snyder et al.. 2001) . As demonstrated by the red leaf lettuce and garlic data, the NDVI:CC relationship presented here may not be valid for crops with other than green leaves or for senescing crops.
Dimensional estimates of CC based on crop diameter or width and row spacing were also reasonably accurate. Dimensional estimates may be more practical for growers and crop consultants than optical ground-based measurements such as digital photography or light bars that involve specialized equipment or more involved processing techniques. The tendency for negative bias in our dimensional estimates, hoever, indicates that users should calibrate their dimensional measurements with photography or other objective techniques to improve accuracy.
Several studies have found that CC is related to the basal crop coefficient, Kcb, used for predicting crop water use (Allen et al., 1998; Grattan et al., 1998; Trout and Gartung, 2006) . With these two relationships (NDVI:CC and CC:Kcb) and estimates of soil evaporation and crop stress factors, water use of a wide range of crops over a wide region could be efficiently estimated from aerial or satellite based NDVI measurements and ground-based measurements of reference evapotranspiration, ETo. Several western U.S. states, including California, have weather station networks that provide daily ETo for important irrigated agricultural areas. By accounting for actual field conditions, this remote sensing method can provide better water requirement estimates than conventional, time-based crop coefficients (Bausch, 1995; Hunsaker et al., 2005) . Ongoing data collection programs will improve confidence and precision in linking CC with crop water requirements.
Several options for remote sensing data collection are currently available. Landsat satellite images are collected every 16 d with 30-ni resolution, which is adequate resolution for most fields, can be acquired and processed within 24 h, and cost only nn1.5 cents/km2. NASA's MODIS satellite delivers NDVT data on a frequent basis with minimal delay and low cost, but its relatively coarse spatial resolution (250 m) may be appropriate only for very large fields or for regional assessments. High spatial resolution satellite imagery is available commercially, although costs can be relatively high and users must compete for instrument time.
In terms of operational use, disadvantages of satellite imagery for real-time CC estimates can include lack of frequency, cloud interference, delay in data availability, and low resolution (Moran et al., 1997) . For the individual grower, aircraft may be a flexible and viable method of data collection, and several commercial companies supply airborne vegetation index products to agribusiness. Lack of frequency is the most difficult constraint to use of NDVJ for irrigation scheduling. Some method would be required along with remote sensing images to interpolate between and extrapolate beyond available NDVI measurements. Crop simulation models are capable of estimating CC and can be "calibrated" for local field and climatic conditions with periodic NDVI measurements. Ground-based estimates of CC can also be used to interpolate and extrapolate CC between and beyond NDVI measurements. An optimal mapping scenario might involve collecting two to three remote sensing-based image observations of CC at key phenological times supplemented with ground-based observations or model predictions to complete the seasonal time series.
These results indicate that NDVI can potentially provide robust field-specific and 
